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Abstract—Device-to-device (D2D) communication has seen
as a major technology to overcome the imminent wireless
capacity crunch and to enable new application services. In this
paper, we propose a social-aware approach for optimizing D2D
communication by exploiting two layers: the social network and
the physical wireless layers. First we formulate the physical
layer D2D network according to users’ encounter histories.
Subsequently, we propose an approach, based on the so-called
Indian Buffet Process, so as to model the distribution of
contents in users’ online social networks. Given the social
relations collected by the Evolved Node B (eNB), we jointly
optimize the traffic offloading process in D2D communication.
In addition, we give the Chernoff bound and approximated
cumulative distribution function (CDF) of the offloaded traffic.
In the simulation, we proved the effectiveness of the bound and
CDF. The numerical results based on real traces show that the
proposed approach offload the traffic of eNB’s successfully.
I. INTRODUCTION
The recent proliferation of smartphones and tablets has
been seen as a key enabler for anywhere, anytime wireless
communications. The rise of online services, such as Face-
book and YouTube, significantly increases the frequency of
users’ online activities. Due to this continuously increasing
demand for wireless access, a tremendous amount of data is
circulating over today’s wireless networks. This increase in
demand is straining current cellular systems, thus requiring
novel approaches for network design.
In order to cope with this wireless capacity crunch, device-
to-device (D2D) communication underlaid on cellular sys-
tems, has recently emerged as a promising technique that can
significantly boost the performance of wireless networks [1].
In D2D communication, user equipments (UEs) transmit data
signals to each other over a direct link instead of through the
wireless infrastructure, i.e., the cellular network’s Evolved
Node Bs (eNBs). The key idea is to allow direct D2D
communication over the licensed band and under the control
of the cellular system’s operator [1].
Recent studies have shown that the majority of traffic in
cellular systems consists of downloading contents such as
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videos or mobile applications. Usually, popular contents, such
as certain YouTube videos, are requested more frequently
than others. As a result, eNBs often end up serving different
mobile users with the same contents using multiple duplicate
transmissions. In this case, following the eNB’s first transmis-
sion of the content, such content is now locally accessible to
others in the same area, if UEs’ resource blocks (RBs) can be
shared with others. Newly arriving users that are within the
transmission distance can receive the “old” contents directly
from those users through D2D communication. Here, the
eNB only serves users that request “new” content, which has
never been downloaded. Through this D2D communication,
we can reduce considerable redundant requests to eNB, so
that the traffic burden of eNB can be released.
Our main contribution is to propose a novel approach
to D2D communication, which allows to exploit the social
network characteristics so as to reduce the load on the cellular
system. To achieve this goal, first, we propose an approach to
establish a D2D subnetwork to maintain the data transmission
successfully. As a D2D subnetwork is composed by individ-
ual users, the connectivity among users can be intermittent.
However, the social relations in real world tend to be stable
over time. Such social ties can be utilized to achieve efficient
data transmission in the D2D subnetwork. We name this
social relation assisted data transmission wireless network
by offline social network (OffSN).
Second, we assess the amount of traffic that can be
offloaded, i.e., with which probability can the requested
contents be served locally. To analyze this problem, we
study the probability that a certain content is selected. This
probability is affected by both external (influence from media
or friends) and internal (user’s own interests) factors. While
users’ interests are difficult to predict, the external influence
which is based on users’ selections can be easily estimated.
To this end, we define an online social network (OnSN) that
encompasses users within the OffSN, which reflect users’
online social ties and influence to each other.
In this paper, We adopt practical metrics to establish
OffSN, and the Indian Buffet Process to model the influence
in OnSN. Then we can get solutions for the previous two
problems. Latter we will integrate OffSN and OnSN to
carry out the traffic offloading algorithm. Further more, in
order to evaluate the performance of our algorithm, we will
set up the Chernoff bound of the number of old contents
user selects. To make the analysis more accurate, we also
derive the approximated probability mass function (pmf)
and cumulative distribution function (CDF) of it. From the
Fig. 1: Information dissemination in both OnSN and OffSN.
numerical results, we show that under certain circumstances,
our algorithm can reduce a considerable amount of of eNB’s
traffic. Our simulations based on the real traces also proved
our analysis for the traffic offloading performance.
II. SYSTEM MODEL
Consider a cellular network with one eNB and multiple
users. In this system, two network layers exist over which
information is disseminated. The first layer is the OnSN, the
platform over which users acquire the links of contents from
other users. Once a link is accessed, the data package of
contents must be transmitted to the UE through the actual
physical network. Taking advantage of the social ties, the
OffSN represents the physical layer network in which the
requested contents of links to transmit. An illustration of this
proposed model is shown in Fig.1. Each active user in the
OnSN corresponds to the UE in the OffSN. In the OffSN, the
first request of the content is served by the eNB. Subsequent
users can thus be served by previous users who hold the
content, if they are within the D2D communication distance.
A. Offline Social Network Model
In the area covered by an eNB, the density of users in
public areas such as office buildings and commercial sites,
is much higher than that in other locations such as sideways
and open fields. Indeed, the majority of the data transmissions
occurs in those fixed places. In such high density locations,
forming D2D networks as an OffSN becomes a natural
process. Thus, we can distinguish two types of areas: highly
dense areas such as office buildings, and “white” areas such
as open fields. In the former, we assume that D2D networks
are formed based on users’ social relations. While in the
latter, due to the low density, the users are served directly by
the eNB. The OffSN is a reflection of the local users’ social
ties. Proper metrics need to be adopted to depict the degree
of the connections among users. In [4], the authors identify
that human mobility shows a very high degree of temporal
and spatial regularity, and that each individual returns to a
few highly frequented locations with a significant probability.
Thus, such social ties lead to higher probabilities to transmit
data among users.
The contact duration distribution between two users is
assumed to be a continuous distribution, which has a positive
value for all real values greater than zero. In addition, users’
encounter duration usually centers around a mean value. So
we can adopt a Γ(k, θ) distribution which is widely used in
modeling the call durations [5] to model the call duration
between two users. To find the value for the two parameter k
and θ, we need the mean and variance of the contact duration.
Fig. 2: Contact history between UE i and UE j.
As shown in Fig. 2, given the contact duration Xn and
the number of encounters Ni,j between UE i and UE j
corresponding to user i and user j in the OnSN, an estimate
of the expected contact duration length Mi,j and variance
Ii,j can be given by:
Mi,j =
∑
nXn
Ni,j
, (1)
Ii,j =
∑
n(Xn −Mi,j)2
Ni,j
. (2)
Given the mean and variance of the contact duration, we
can derive the contact duration distribution: X ∼ Γ(k, θ) =
Γ(
M2i,j
Ii,j
,
Ii,j
Mi,j
). Thus, the probability density function (PDF)
of contact duration will be given by:
f(x; k, θ) =
1
θk
1
Γ(k)
xk−1e−
x
θ , (3)
where Γ(k) =
∫
∞
0 t
k−1e−tdt. Then, we can calculate the
probability of the contact durations that are qualified for
data transmission. If the contact duration is not sufficient
to complete a data package transmission, the communication
session cannot be carried out successfully. We adopt a close-
ness metric, wi,j to represent the probability of establishing
a successful communication period between UE i and UE j,
which ranges from 0 to 1. The qualified contact duration
is the complementary of the disqualified communication
duration probability, so wi,j can be given by:
wi,j = 1−
∫ Xmin
0
f(u; k, θ)du = 1− γ(k,
Xmin
θ
)
Γ(k)
, (4)
where Xmin is the minimal contact duration required to suc-
cessfully transmit one content data package, γ(k, Xmin
θ
) =∫Xmin
0 t
k−1e−tdt is the lower incomplete Gamma function.
Hence, we can use the closeness metric wi,j to describe
the communication probability between two UEs, which can
also be seen as the weight of the link between UE i and UE
j. Then, a threshold wT can be defined to filter the boundary
between different OffSNs and “white” areas. To cluster users
based on metrics such as closeness, we can adopt algorithms
such as those used in social networks as in [4]. Then, with
a properly chosen wT , each pair in the OffSN will have a
strong direct neighboring relationship.
B. Online Social Network Model
OnSN is the platform for content links to disseminate. We
define the number of users in the OnSN as N which, in
turn, corresponds to N UEs in the OffSN. The total number
of available contents in the OnSN is denoted by K , K =
Kh+K0. Given the large volume of content available online,
K →∞. Kh represents the set of contents that have viewing
histories and K0 is the set of contents that do not have any.
We adopt the Indian Buffet Process (IBP) [3] model which
serves as a powerful tool for getting the content popularity
distribution and predicting users’ selections.
Fig. 3: One realization of Indian Buffet Process.
The IBP is a stochastic process in which each diner
samples from an infinite selection of dishes on offer at a
buffet. The first customer will select its preferred dishes
according to a Poisson distribution with parameter α. Since
all dishes are new to this customer, no external information
exists so as to influence the selection. However, once the first
customer completes the selection, the following customers
will have some prior information about those dishes based
on the first customer’s feedback. Customers learn from the
previous selections to update their beliefs on the dishes and
the probabilities with which they will choose the dishes. The
behavior of content selection behavior in OnSN is analogous
to the dish selection in an IBP. If we view our OnSN as an
Indian buffet, the online contents as dishes, and the users as
customers, we can interpret the contents spreading process
online by an IBP. So the probability distribution can be
implemented from the IBP directly.
In Fig. 3, we show one realization of an IBP. Customers
are labeled by ascending numbers in a sequence. The shaded
block represents the nth user selected dish k. In IBP, the first
customer selects each dish with equal probability of α
K
, and
ends up with the number of dishes following Poisson(α)
distribution. For subsequent customers n = 2, . . . , N , the
probability of also having dish k already belonging to pre-
vious customers is m
n−1
k
n
, where mn−1k is the number of
customers prior to n with dish k [3]. Repeating the same
argument as the first customer, customer n will also have m0n
new dishes not tasted by the previous customers following
a Poisson(α
n
) distribution. The probabilities of selecting
certain dishes act as the prior information pik(mn−1k ). For
“old” dishes which have been tasted before, mn−1k 6= 0.
For “new” dishes which have not been sampled before,
mn−1k = 0. After user n completes its selection, pik will be
updated to pik(mnk ). This learning process is also illustrated
in Fig. 3. Kn0 is the number of dishes that have not been
sampled before user n’s selection session.
III. PROPOSED TRAFFIC OFFLOADING ALGORITHM
In the previous section, we have introduced the basic
model to formulate the subnetwork for D2D communication
and predict users’ selection. In this section, we can integrate
the two layer networks together and propose the traffic
offloading algorithm based on the OffSN and OnSN models.
A. System Utility
As the inter-OffSN interference of D2D communication
can be restricted by methods such as power control [1][2],
we can ignore the interference among different OffSNs. Thus,
we place an emphasis on the intra-OffSN interference due to
resource sharing between D2D and cellular communication.
During the downlink period of D2D communication, UEs
will experience interference from other cellular and D2D
communications as they share the same subchannels. Thus,
we can define the transmission rate of users served by the
eNB as Rc, and by D2D communication with co-channel
interference as Rd, [1]:
Rc = log2
(
1 +
PBh
2
Bc∑
d βcdPdh
2
dc +N0
)
, (5)
Rd = log2
(
1 +
Pdh
2
dd
PBh
2
Bd +
∑
d′ βdd′Pd′h
2
d′d +N0
)
, (6)
where PB , Pd and Pd′ are the transmit power of eNB,
D2D transmitter d and d′, respectively, hij is the channel
response of the link between UE or eNB i and UE j, N0 is
the additive white Gaussian noise (AWGN) at the receivers,
and βcd represents the presence of interference from D2D
to cellular communication, satisfying βcd = 1, otherwise
βcd = 0. Here, d 6= d′, so
∑
d′ βdd′Pd′h
2
d′d represents the
interference from the other D2D pairs that share spectrum
resources with pair d.
The transmission rate of the users that are only served
by the eNB without underlying D2D, thus also without co-
channel interference is given by:
Vc = log2
(
1 +
PBh
2
Bc
N0
)
. (7)
In the proposed model, even though eNB can offload
traffic by D2D communication, controlling the switching
over cellular and D2D communication causes extra data
transmission. Thus, there exists a certain cost such as control
signals transmission and information feedback during the
access process [1]. Therefore, for the eNB that is serving
a certain user n, we propose the following utility function:
UB(n) =
[
Kh∑
k=1
mn−1k
n
]
Rd +m
0
nRc −mnCc, (8)
where Cc is the overhead cost for controlling the resource
allocation process.
B. Proposed Algorithm
We propose a novel and robust algorithm that can offload
the traffic of eNB without any sacrifice on the quality of
service. The algorithm consists of multiple stages. In the first
stage, the eNB collects the encounter history between users to
compute the closeness wi,j . Then, based on specific situation
such as time and locations, eNB chooses wT dynamically.
By checking if wi,j ≥ wT , i.e., if UE i and UE j satisfy
the predefined closeness threshold, the eNB can decide on
whether to add this user into the OffSN or not. By choosing
a proper wT and power control, the interference among
different OffSNs can be avoided. This process will continue
until no more users can be further added to the eNB’s list.
Then, the users in the established OffSN can construct a
communication session with only intra-OffSN interference.
For websites that provide a portal to access content, such
as Facebook and YouTube, the eNB will assign a special tag.
Once a user visits such tagged websites, the eNB will inspect
whether the user is located in an OffSN or a “white” area.
If the user is in a “white” area, any requests of users will be
served by the eNB directly. If the user is located in an OffSN,
the eNB will wait the user’s future activities. By browsing
online, current user can have the prior information pi(mn−1k )
of the content distribution in the OnSN based on previous
user’s requests. As soon as the user requests data, the eNB
detects if there are any resources in the OffSN, and then
choose to set up D2D communication or not based on the
feedback. For old content, the eNB will send control signal
to the UE i that has the highest closeness wn,i with user n.
Then, UE n and UE i establish a D2D communication link.
Even if the D2D communication is setup successfully, the
eNB still waits until the data transmitting process finishes.
If the D2D communication fails, the eNB will revert back to
serve the user directly. For new contents, the eNB serves the
user directly. After the selection is complete, the prior updates
to the posterior pi(mnk ). The proposed D2D communication
algorithm is summarized in Algorithm 1.
Algorithm 1: Proposed Traffic Offloading Algorithm
Data: Xn, Ni,j , PB , Pd, Pd′
Result: Uu(n), UB(n)
1. OffSN and OnSN Generation;
eNB collects encounter information in cellular network;
Find the closeness wi,j between two UEs;
if wi,j ≥ wT then
Add UE i and UE j into OffSN;
end
Forming OnSN by the users of corresponding UEs;
2. User Activity Detection;
while user n is accessing the tagged websites do
eNB detects user’s location;
if user ∈ “white” areas then
eNB serves all requests directly;
end
if user ∈ an OffSN then
eNB keep watching user’s activities;
end
end
3. Service based on OnSN Activities;
while User n is selecting contents online do
eNB maintains prior information pi(mn−1k );
if old content then
eNB locates the content holder with highest
closeness wn,i to user n in OffSN;
Establish D2D communication;
if communication failed then
eNB reverts back to continue the
transmission;
end
end
if new content then
eNB serves the request directly;
end
update pi(mnk );
end
IV. PERFORMANCE EVALUATION
To evaluate the traffic offloading performance of our algo-
rithm, we derive a bound on the amount of traffic that can
be offloaded. We show that this problem is equivalent to the
amount of contents that have been downloaded. While those
locally accessible contents is related to the number of total
contents and new contents selected by the users. Before we
start to derive a closed-form expression on the number of
old content, we first try to find its bound. Here, we adopt the
Chernoff bound for analysis.
Theorem 1. Let X1, . . . , Xn be a sequence of independent
trials with P (Xi) = pi, X =
∑n
i=1Xi, and µ = E[X ].
Then:
For any δ > 0, there is a bound when X ∈ [0, µ]
P{X < (1− δ)µ} <
[
e−δ
(1− δ)(1−δ)
]µ
, (9)
and a bound when X ∈ [µ,∞)
P{X > (1 + δ)µ} <
[
eδ
(1 + δ)(1+δ)
]µ
. (10)
For the case of our model, the total number of contents user
selects is mn ∼ Poisson(α), the number of new contents
m0n ∼ Poisson(αn ). Then, the number of old contents mhn ,
mn−m0n. Hence, define the expected number of old contents
µ , E{mhn} = E{mn} − E{m0n} = n−1n α, ∀δ > 0, with a
Chernoff bound of
P
{
mhn < (1− δ)
n− 1
n
α
}
<
[
e−δ
(1− δ)(1−δ)
]n−1
n
α
, (11)
when mn ∈ [0, µ], and
P
{
mhn > (1 + δ)
n− 1
n
α
}
<
[
eδ
(1 + δ)(1+δ)
]n−1
n
α
, (12)
when mn ∈ [µ,∞).
As we can see, the number of old contents is the difference
of two Possion distribution which follows the Skellam distri-
bution. We can approximate pmf and CDF for the Skellam
distribution using the Saddlepoint approximation. Then, we
have the approximated pmf and CDF for the number of old
contents as follows:
fˆ(k) =
1√
2pi(C +D)
e−(µ1+µ2)+C+D
(
D
µ2
)k
, (13)
Fˆ (M) = P{mhn 6 M}
=
M∑
k=0
[
1√
2pi(C +D)
e−(µ1+µ2)+C+D
(
D
µ2
)k]
,
(14)
where C , k+
√
k2+4µ1µ2
2 and D ,
2µ1µ2
k+
√
k2+4µ1µ2
.
With the CDF function we can get the approximate number
of old contents that each user select. Thus, we can estimate
the traffic that can be offloaded.
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Fig. 4: Simulation results.
V. SIMULATION RESULTS AND ANALYSIS
To evaluate the performance of our algorithm, we exploit a
data set of sensor mote encounter records and corresponding
social network data of a group of participants at University of
St Andrews by the CRAWDAD team [6]. In the first data set,
they deployed 27 T-mote invent devices over a period of 79
days among 27 users in the Department of Computer Science
building. This data set helps us to establish our physical layer
OffSN. In the second data set, they collected the participants’
Facebook friend lists to generate a social network topology.
With those information we can generate the corresponding
OnSN. Then, we adopt the IBP to generate users’ selections
online under the assumption that the size of content library
is unbounded. We assume that the content selection process
has already been performed for a number of times. Thus,
the eNB can obtain the prior information of the content
distribution. As the D2D communication distance increases,
the eNB will have more possibilities for detecting available
contents providers. As a result, the performance of traffic
offloading will be better with a larger maximum distance.
This assumption is shown in Fig. 4a. In this figure, we can
see that, increasing the maximum communication distance,
yields a decrease in the eNB’s data rate and an increase
in the amount of offloaded traffic. However, we note that,
with the increase of the transmission distance, the associated
UE costs (e.g., power consumption) will also increase. Thus,
the increase of D2D communication distance will provide
additional benefits to the eNB, but not for users.
In Fig. 4b, we show the variation of the sum-rate at
the eNB as the cost for control signal varies. As the eNB
has to arrange the inter change process between cellular
and D2D communication, necessary control information is
needed. Moreover, additional feedback signals are required
for monitoring the D2D communication and checking its sta-
tus. Those costs will affect the traffic offloading performance
of the system. In our simulation, we define the cost as the
counteract to the gain in data rate from 5% to 50%. As we
can see, increasing the cost on control signal, the offload
traffic amount is decreased.
In order to know the amount of traffic that can be of-
floaded, we specified a special case when α = 20, then
plot the Chernoff bound and Saddlepoint approximation of
the CDF of the 4th user’s number of old contents in Fig.
4c. As we can see, the approximated CDF lies between
the Chernoff bound. We have mentioned in the previous
section, the mean value of the number of old contents is
E{mhn} = n−1n α = 15. So there is a gap between the number
of 14 and 15. Then we simulate the 4th user’s selection
and plot the empirical CDF. The simulated empirical CDF
also lies between the upper and lower Chernoff bound as we
expected. In addition, The approximated CDF line is quite
close to the simulated empirical CDF line, which proves our
analysis in the previous section.
VI. CONCLUSIONS
In this paper, we have proposed a novel approach for
improving the performance of D2D communication underlaid
over a cellular system, by exploiting the social ties and
influence among individuals. We formed the OffSN to divide
the cellular network into several subnetworks for carrying
out D2D communication with only intra-OffSN interference.
Also we established the OnSN to analyse the OffSN users’
online activities. By modeling the influence among users on
contents selection online using the Indian Buffet Process, we
have obtained the distribution of contents requests, and thus
can get the probabilities of each contents to be requested.
Using our proposed algorithm, the traffic of eNB has been
reduced. Simulation results based on real traces have shown
that different parameters for eNB and users will lead to
different traffic offloading performances.
REFERENCES
[1] C. Xu, L. Song, Z. Han, D. Li, and B. Jiao, “Resource Allocation
Using A Reverse Iterative Combinatorial Auction for Device-to-Device
Underlay Cellular Networks,” IEEE Globe Communication Conference
(GLOBECOM), Anaheim, CA, Dec. 3-7, 2012.
[2] N. Golrezaei, A. F. Molisch, and A. G. Dimakis, “Base-Station
Assisted Device-to-Device Communication for High-Throughput Wire-
less Video Networks,” IEEE International Conference on Communi-
cations (ICC), pp. 7077-7081, Ottawa, Canada, Jun. 10-15, 2012.
[3] T. L. Griffiths and Z. Ghahramani, “The Indian Buffet Process: An
Introduction and Review,” The Journal of Machine Learning Research,
vol. 12, no. 4, pp. 1185-1224, Apr. 2011.
[4] F. Li and J. Wu, “LocalCom: A Community-based Epidemic Forward-
ing Scheme in Disruption-tolerant Networks,” Proc. IEEE Conference
Sensor, Mesh and Ad Hoc Communications and Networks (SECON),
pp. 574-582, Rome, Italy, Jun. 22-26, 2009.
[5] J. Guo, F. Liu, and Z. Zhu “Estimate the Call Duration Distribution
Parameters in GSM System Based on K-L Divergence Method,” IEEE
International Conference on Wireless Communications, Networking
and Mobile Computing (WiCom), pp. 2988-2991, Shanghai, China,
Sep. 21-25, 2007.
[6] G. Bigwood, D. Rehunathan Ma. Bateman, T. Henderson, and S.
Bhatti, “Exploiting Self-Reported Social Networks for Routing in
Ubiquitous Computing Environments, ” Proceedings of IEEE Inter-
national Conference on Wireless and Mobile Computing, Networking
and Communication (WiMob ’08), pp. 484-489, Avignon, France, Oct.
12-14, 2008.
This figure "figure1.PNG" is available in "PNG"
 format from:
http://arxiv.org/ps/1510.04684v1
This figure "figure6.PNG" is available in "PNG"
 format from:
http://arxiv.org/ps/1510.04684v1
This figure "figure7.PNG" is available in "PNG"
 format from:
http://arxiv.org/ps/1510.04684v1
This figure "figure8.PNG" is available in "PNG"
 format from:
http://arxiv.org/ps/1510.04684v1
